In today's operating theatres, tracking devices are widely employed. One example is the tracking of breathing motion for image guided radiation therapy. For respiratory motion compensation with the robotic CyberKnife® system, the motion of markers on the patient's chest is measured and related to the tumor motion [2, 3] . However, the measurements are subject to noise that can hamper further signal processing. We established the measurement noise for five different tracking systems. Information on their accuracy can be found in [4] . Based on its distribution we propose to use the à trous wavelet decomposition for noise reduction. To verify the approach, three experiments were conducted. First, artificial noise according to our measurements was added to a sinusoidal signal. The signal was then processed with the noise reduction method and the original and processed signals were compared. Second, an actual sinusoidal motion was simulated using a robot carrying an infrared marker. The actual data measured with an infrared tracking system was processed and compared to the original signal. Third, the wavelet based method was applied to raw chest marker motion data from a patient treated with the CyberKnife®. It is demonstrated that the signal behaves similarly to the simulations and that the proposed noise reduction method is reasonable in practice. Results for least-meansquares (LMS) and Kalman filter prediction on the processed data indicate that the new approach can improve target localization for motion compensated IGRT.
Methods
Initially, the distribution of the measurement noise was established for five different tracking modes (Table 1 In each case, a marker was placed stationary in our laboratory and tracked over several hours. For noise reduction, the à trous wavelet decomposition [1] was used. First, the signal was decomposed into ten scales and the remaining trend. Second, the scales one through three were removed from the signal. These scales contain the predominant part of the signal noise. Third, the signal was reconstructed by summing over the remaining scales and the trend. The advantage of this procedure in comparison to Fourier or classical wavelet analysis is the fast and simple computation and the possibility to do real-time processing. Due to averaging effects, removing three scales corresponds to a time delay of three steps (in fact, 2 (3-1) -1=3) for the smoothed signal. This shift needs to be considered when performing prediction on the smoothed signal. For our simulations, breathing motion was modeled as a sinusoidal signal with a frequency of 0.27 Hz and peak-to-peak amplitude of 2 mm. In the first experiment the noise measured for a stationary marker and system C was added to the signal. Then, the noisy signal was processed with the noise reduction method. The result was compared to the original signal. The second experiment was based on actual measurements. A marker was placed on a Kuka KR16 robot, and the sinusoidal motion was carried out by the robot arm. The marker position was tracked with system C and a principal component analysis (PCA) was performed. The main component was subsequently processed with the noise reduction method and compared with the data fed to the robot. In a third experiment the noise reduction method was applied to the principal component of raw chest marker data obtained during motion compensated radiosurgery with the CyberKnife®.
Results
The noise distribution for the tracking systems approaches a Gaussian distribution ( Figure 1 and Table  2 ). This noise can be distinguished from breathing signals if the sampling rate is sufficiently high. For example, system C measures at 60 Hz, and the third scale of the à trous wavelet decomposition contains information at a rate of less than 0.15 seconds. In contrast, typical human respiration has a period of more than 3 seconds. Therefore the first three scales can be removed without losing information from the breathing signal. This is supported by the fact that the main energy content can be found in scales four or higher. Table 2 -Distance errors of the tracking systems tested Figure 2 summarizes the results for the first experiment, where artificial noise was added to the sinusoidal signal. The blue line denotes the original signal, while the black points show the signal after noise has been added. The red line is the signal after noise reduction. Clearly, the red and the blue line agree very well. Results for the second experiment are shown in Figure 3 . Here, the blue line is the signal fed to the robot, which has been shifted along the time axis to account for the latency in robot communication. The black points are the actual measurements from the tracking system C. Note that the actual noise distribution is similar to Figure 2 . While the red line denoting the noise reduced signal does not perfectly agree with the original signal, it comes close and is much smoother than the noisy data. Figure 4 shows the application of the noise reduction method to patient data. The black points denote the noisy signal and the smoother red line the processed data. In this case the sampling rate was only approximately 30 Hz. Hence information from some fast changes in the breathing signal were present in the first three scales and removed, as can be seen for the inhale peaks.
A practical application of the new method is the preprocessing of marker data for motion compensated IGRT. We tried to predict the artificial sinusoidal signal shown in Figure 2 . Furthermore, we assumed a system latency of 200 ms, i.e., 12 time steps. The nRMS error of the unfiltered data, using normalized LMS with = 0.0104 and M = 4 was 0.3368 mm. The nRMS error of the filtered data (with a prediction horizon of 15 steps due to the averaging effect, see above) was 0.1378 mm with normalized LMS,  = 0.0296 and M = 4. Similarly, when using an Extended Kalman filter, the nRMS error dropped from 0.3615 mm to 0.0598 mm.
Conclusions
We have measured the noise in signals obtained with different tracking systems. A new method to incorporate this information in the processing of motion tracking data has been proposed. Results for simulated and measured data show that a smooth approximation of the original data can be obtained with the new method based on the à trous wavelet decomposition. It has been demonstrated that the method can be applied to process signals from human chest motion. Thus the new method can be used to improve motion compensated IGRT procedures based on a correlation between marker motion and tumor motion and the prediction of tumor movements. 
